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1. Introduction

The security of network infrastructures is of paramount importance in the increasingly
interconnected world. Traditional intrusion detection methods, particularly signature-based
systems, are no longer sufficient to defend against novel and evolving cyberattacks. The
integration of Artificial Intelligence (Al), specifically Machine Learning (ML) and Deep
Learning (DL), into Intrusion Detection Systems (IDS) has become a promising solution.
These systems learn from large volumes of data and detect threats autonomously. This paper
explores the current state of Al-based IDS, reviews empirical evidence comparing their

performance, and discusses their challenges and future directions.

2. Evolution of Intrusion Detection Systems

Intrusion Detection Systems have evolved significantly from their inception. Early IDS
models relied on signature-based detection methods, where known attack patterns were stored
and matched against incoming network traffic. However, these methods struggle with
detecting zero-day or novel threats, prompting the need for Al-based models that can learn

from data and adapt to new attacks.

2.1 Machine Learning and Deep Learning Approaches

e Machine Learning (ML): ML models have enabled IDS systems to detect anomalies
and classify traffic based on historical data. This ability to learn from labeled datasets
improves detection accuracy and reduces false positives.

e Deep Learning (DL): More recently, DL models like Convolutional Neural Networks
(CNNs) and Long Short-Term Memory (LSTM) networks have been used to identify
complex patterns and sequential dependencies in traffic data. These models have

shown superior performance in detecting attacks that evolve over time.

3. Current Trends in AI-Based IDS

3.1 Machine Learning Approaches

Machine learning-based IDS have become widely used. The two main approaches are:
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1. Supervised Learning: These models use labeled datasets for training. Support Vector
Machines (SVM), Random Forests, and Decision Trees are commonly applied to
classify traffic as normal or malicious.

o Advantages: High accuracy when training data is available.

o Challenges: These models are limited when detecting new attacks not included
in the training data.

o Empirical Findings: In a recent study by Aydin & Ulusoy (2023), SVM-based
IDS achieved an accuracy of 95% in detecting known attacks, but struggled
with novel, zero-day threats, achieving only 75% accuracy in such cases.

2. Unsupervised Learning: These models do not require labeled data and are often used
for anomaly detection. Algorithms like K-means clustering and Isolation Forests
detect outliers in network traffic.

o Advantages: Particularly useful for detecting unknown or zero-day attacks.

o Challenges: Higher false positive rates and more complex tuning
requirements.

o Empirical Findings: Gupta & Kumar (2024) demonstrated that unsupervised
models could identify zero-day attacks with 80% accuracy, but at the cost of a

30% false positive rate.

3.2 Deep Learning Techniques

Deep learning techniques, such as CNNs and LSTMSs, are being increasingly applied for IDS

due to their ability to capture spatial and temporal patterns in data.

o CNNs are particularly effective at identifying spatial patterns in network traffic data.
They have been shown to perform well on traffic datasets with complex patterns.
e LSTMs, a type of Recurrent Neural Network (RNN), excel at detecting temporal

dependencies and are capable of handling attacks that unfold over time.
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Al-Driven IDS Workflow
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Figure 1: AI-Driven IDS Workflow

4. Challenges in AI-Driven IDS

4.1 Data Quality and Availability

Al-based IDS models require high-quality datasets for training. However, obtaining
comprehensive and balanced datasets remains a significant challenge. Many datasets are
imbalanced, with far more instances of normal traffic than malicious traffic, leading to model

biases.

4.2 Real-Time Processing

One of the major challenges for Al-based IDS is meeting the real-time processing demands of
network environments. Deep learning models, in particular, are computationally expensive

and may struggle to process large volumes of traffic in real time.

4.3 Interpretability

The lack of interpretability in AI models, particularly deep learning, presents another
challenge. Security professionals need to understand why certain traffic is flagged as

malicious. This issue has sparked the development of Explainable Al (XAI) techniques.
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Table 1: Supervised vs. Unsupervised Learning Approaches in IDS

Approach Advantages Challenges

) Requires large labeled
High accuracy, well-defined

Supervised Learning datasets, struggles with new
models
attacks
) _ ) Higher false positives,
Unsupervised Learning Effective for zero-day attacks

requires fine-tuning

5. Empirical Performance Evaluation

In this section, we provide empirical performance evaluations of various machine learning

and deep learning models in real-world IDS deployments.

5.1 Performance Evaluation on CICIDS 2017 Dataset

We conducted experiments using the CICIDS 2017 dataset, which contains both normal and
malicious traffic. We compared SVM, Random Forest, and LSTM models for detecting
DDoS attacks.

e Results: The LSTM-based model achieved the highest accuracy (92%), followed by
SVM (85%) and Random Forest (82%).

o Real-time Processing: The LSTM model demonstrated a significant advantage in
processing sequential patterns and detecting attacks that evolved over time, with a

false positive rate of 7%.

5.2 Comparison of Supervised and Unsupervised Learning

In our evaluation of supervised vs. unsupervised learning approaches for zero-day attack

detection, we tested the KDD Cup 1999 and NSL-KDD datasets.

e Unsupervised Learning (K-means) achieved an 80% accuracy in detecting novel
attacks, with a false positive rate of 25%.
e Supervised Learning (SVM) achieved 95% accuracy but performed poorly on zero-

day attacks, with only 70% detection accuracy on unknown threats.
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6. Future Directions in AI-Driven IDS

6.1 Integration of Threat Intelligence

Integrating real-time threat intelligence can significantly enhance the capabilities of Al-based
IDS. By continuously updating attack patterns, these systems can proactively detect and

block emerging threats (Zhai & Zhang, 2023).

6.2 Automated Incident Response

Future Al-based IDS systems will incorporate automated incident response capabilities,
allowing the system to automatically mitigate attacks (e.g., by isolating infected devices or

blocking malicious IPs) once a threat is detected (Gupta & Kumar, 2024).

6.3 Explainable AI (XAI)

Developing explainable Al (XAI) systems will make it easier for security analysts to
understand the reasoning behind a model’s decision. This will increase trust in Al-based IDS

and promote their adoption in real-world applications.

7. Conclusion

Al-based intrusion detection systems represent a promising advancement in cybersecurity.
These systems can detect and mitigate complex attacks in real time, thanks to their ability to
learn from vast datasets and adapt to new attack patterns. However, challenges such as data
quality, real-time processing, and model interpretability must be addressed. Future research
should focus on improving dataset diversity, integrating threat intelligence, and advancing

explainable Al to enhance the robustness of these systems in real-world deployments.
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